In this paper we evaluate the use of the machine learning algorithms Support Vector Machines (SVM), K-Nearest Neighbors (KNN), Classification and Regression Trees (CART) and Naive Bayes (NB) to identify non spontaneous saccades in clinical electrooculography tests. Our approach tries to solve problems like the use of manually established thresholds present in classical methods like identification by velocity threshold (I-VT) or identification by dispersion threshold (I-DT). We propose a modification to an adaptive threshold estimation algorithm for detecting signal impulses without the need of any user input. Also, a set of features were selected to take advantage of intrinsic characteristics of clinical electrooculography tests. The models were evaluated with signals recorded to subjects affected by Spinocerebellar Ataxia type 2 (SCA2). Results obtained by the algorithm show accuracies over 97%, recalls over 97% and precisions over 91% for the four models evaluated.
Introduction
The alteration of eye movements is one of the symptoms of many neurological diseases like Parkinsons syndrome, spinocerebellar ataxias or the Niemann-Pick disease [4] . Specifically in the Spinocerebellar Ataxia type 2 (SCA2) this alteration is an important clinical marker present in more than 90% of patients [29] .
There are several kind of eye movements such as saccades, fixations and pursuits. Among them, saccades are critical to follow and evaluate subjects with SCA2. For instance, SCA2 patients have significantly slower saccades and with larger latencies than healthy subjects [29] . The analysis of this kind of movement is very often used in the researches conducted by the medical community, hence its importance.
A technique to measure eye movements called electrooculography consists in capturing the electrical potential of the eyes to calculate its magnitude and direction. This technique is widely used in electrophysiologic tests [16] . The resulting signals of this recording process are named electrooculograms [6] .
There exists several methods and algorithms for identifying saccades in electrooculograms, the vast majority of them based on kinetic thresholds [11, 14, 26, 31] , using suppervised learning [6,28], unsupervised learning [20] or other novel approachs [18,22] like particle filters [8] . These methods were designed to work in a not constrained scheme having advantages in a lot of scenarios. They are usually evaluated against data from healthy subjects where the differences between saccadic and non saccadic movements are very evident. However, in electrooculography clinical tests these methods try to detect as many saccades as posible, not distinguishing which of them are spontaneous and which not.
In a previous work [2], we proposed a method that identifies saccadic movements using a sample-to-sample approach. This method allows us to discriminate whether a sample belong to a saccadic movement or not. Now, in this work we have the task of identifying which of these movements are stimuli related using a feature-based approach.
Here we set out to evaluate the use of machine learning algorithms taking into account the strengths of clinical tests of electrooculography to solve the proposed task. Our approach have to use only horizontal movement signals and stimulus signals, and do not require the use of thresholds or any other user input. To do so, a new set of features were selected to train the models taking into account characteristics of valid saccadic movements.
To identify the ocurrence of saccadic movements we use an impulse detection method based on velocity thresholds. These thresholds are calculated adaptively with a modified version of the method proposed in [18] . Our algorithm uses a classification model to solve the presented task, so we evaluate four of them: Support Vector Machines (SVM) [7], K-Nearest Neighbors (KNN) [27] , Classification and Regression Trees (CART) [5] and Naive Bayes (NB) [25] . The performance of the classification models were measured, obtaining very good results (> 97% accuracy) in all of them.
The rest of this paper is organized as follows: In section 2 we describe the designed experiments and available data. Section 3 is devoted to analize and comment the results. Finally, section 4 summarizes the main conclusions and future work lines.
